This paper presents a mixed integer programming model which aims at supporting wood 4 procurement tactical decisions of a multi-facility company. This model allows for wood 5 exchange between companies. Furthermore, the material flow through the supply chain is driven 6 by both a demand to satisfy (Pull strategy) and a market mechanism (Push strategy), enabling the 7 planner to take into consideration both wood freshness and the notion of quality linked to the age 8 of harvested wood into demand. The incapacity to consider alternative plans for implementation, 9
Introduction

21
Wood procurement planning is a complex task as a multitude of factors must be taken into 22 consideration. It is even more complex in a multi-firm environment, where firms may supply 23 each other, and where forest stands are composed of several tree species. Yet, planning is still 24 largely done based on intuition and without mathematical programming support. The main 25 problem associated with this process is the time spent collecting and verifying data, which leaves 26 little time for the actual planning and interactions with industrial and recreational users. 27
Furthermore, the considerable amount of time required to build a single plan prohibits the 28 evaluation of alternative plans. 29
The contributions of this paper are (1) a detailed tactical model to support the centralized 30 annual planning of an integrated forest company which may include many mills and allows for 31 wood exchange between companies; (2) an extension of the market mechanism presented in 32 Maness (1989) in order to model market needs taking wood freshness into consideration; (3) a 33 planning process for the generation and evaluation of candidate plans. 34
The remainder of this paper is organized as follows. A literature review is presented in the 35 next section, followed by the problem description. The planning process is then introduced with 36 its different components. Then, the mathematical formulation of the tactical wood procurement 37 model is described. Follow a test case description, the results and concluding remarks. 38
Literature review
39
Models 40
The use of mathematical models to deal with wood procurement problems can be traced back 41 to the early 1960s. Since then, a large body of models has been developed to address different 42 aspects of wood procurement. Some have been designed for specific activities such as skidding 43 (Carlsson et al. 1998) or transport decisions (Wightman and Jordan 1990, Weintraub et al. 1996) . 44
Others have integrated several activities within a single model in order to capture possible 45 synergies between individual activities. For instance, Burger and Jamnick (1995) have integrated 46 harvest, storage and transport decisions, while Karlsson et al. (2004) include allocation of 47 the deterioration rate and of end product market price. Moreover, every mill may have its own 158 market anticipation functions due to different end products being manufactured or different 159 technology being used. 160
Planning process 161 Among the shortcomings of a manual planning process, there is first the incapacity to 162 consider alternative plans for implementation and also the difficulty to assess the performance of 163 the plans in a stochastic environment. The proposed planning process (Figure 2 ) is an adaptation 164 and an extension of the two-stage stochastic decomposition method developed and presented in 165 Goetschalckx et al. (2001) and permits to overcome both of these shortcomings. 166
INSERT FIGURE 2 167
The mathematical deterministic model presented hereafter does not address robustness explicitly. 168
Rather, the proposed planning process makes use of a set of mechanisms to assess a posteriori 169 how several alternative plans meet some key objectives. The proposed planning process starts by 170 creating scenarios by randomly generating values for the uncertain parameters for each period 171 considered in the model based on their given probability distributions. For each scenario the 172 optimal plan (referred to as the candidate plan) is determined by solving a deterministic mixed 173 integer program. Each candidate plan is then submitted to further analysis: 1) Each candidate 174 plan is submitted to the harvest block sequencing and equipment transportation model in order to 175 evaluate the operational equipment transportation cost of the plan; and 2) Each candidate plan is 176 simulated using different scenarios. In each of these analyses, statistics are gathered in order to 177 help the planner resolve the resulting multi-criteria decision problem.
Uncertainty is inherently present in a wood procurement network. Scenarios are generated 180 using a Monte Carlo method. It is useful for evaluating interdependencies among random effects 181 that may cause serious degradation in performance even though the average performance 182 characteristics of the system's components appear to be acceptable (Shapiro 2001 ). The Monte 183
Carlo method uses probability distribution functions of key factors of uncertainty in the supply 184 chain in order to randomly generate numbers. 185
Deterministic wood procurement planning model 186
For each scenario, a deterministic mixed integer program is used to find the optimal plan. For 187 each scenario corresponds an optimal plan (i.e., the candidate plan). In this model (see next 188 section), due to block sizes, which range from a few hectares to over 100 ha, and the desire to 189 reduce inventories, preemption is allowed in regard to harvesting (i.e. a block does not have to be 190 harvested all at once). identifying an operational plan while taking into account equipment capacity which restrict the 198 time spent to harvest and to move from one block to another. It is designed to address 199 particularly the harvest block sequencing and equipment transportation problem. For more 200 details about this aspect of the planning process, the reader is referred to Beaudoin et al. (2005) . 201
Rule-based simulation
12
The rule-based simulation aims at assessing how a given plan unfolds if different scenarios 203 occur. Instead of randomly generating new scenarios to evaluate each candidate plan, we used 204 those previously generated, as suggested by Novak & Ragsdale (2003) . In their work, these 205 authors reformulate the problem before re-evaluating candidate solutions under alternate 206 scenarios. This reformulation is necessary so as to avoid violating the flow conservation 207 constraints. To avoid this reformulation, we use a rule-based simulation approach. 208
More specifically, rules are defined in terms of IF-THEN. These rules adjust the values of 209 output variables in order to respect the capacities and other parameters of the scenarios. For 210 example, let us say the plan under consideration identify a target of 500 m 3 to be harvested on a 211 specific block, but under the current scenario that block only holds 450 m 3 . The harvest variable 212 for that block is then adjusted downward in order to respect the capacity of the block. In the case 213 where there is no breach in capacity, no adjustment is required. The same rule also applies for 214 transportation, storing and milling variables of the candidate plan. Since activities along supply 215 chains are highly dependent, flow balancing adjustments are also required to reflect previous 216 adjustments. 217
Decision making 218
Finally, different metrics are calculated and gathered in order to assess each plan and to 219 support decision making. These metrics include the average and standard deviation of profit, the 220 equipment transportation cost, the volumes to be acquired from private woodlot owners, and the 221 feasibility of a plan. Volumes to be acquired from private woodlot owners correspond to missing 222 volumes of resources needed to satisfy demand for end products and wood chips. Meanwhile, if 223 demand for logs from other companies cannot be fulfilled by the company's operations 224 according to the terms agreed upon, then the plan is deemed infeasible. This indicator capturesthe risk associated to a plan due to the propagation of the stochastic effects throughout the 226 network of interdependent companies. It is to be noted that the metrics used for decision making 227
are not restricted to the ones presented here. Any metrics representing the preferences of the 228 decision maker could be accommodated for through the proposed planning process and its 229 constituents. 230
The proposed planning process thus provides insights into the system's performance, 231 something that cannot be obtained by deterministic optimization models used on their own. The 232 planner then faces a multi-criteria decision problem to select a candidate plan for 233 implementation. Here, the process is applied to plans generated with a deterministic optimization 234 model. It is to be noted that it can also be applied to plans generated intuitively by the planner or 235 strictly based, for example, on its experience. 236
Mathematical formulation
237
In this section the mathematical model of a firm's centralized tactical wood procurement 238 planning is presented. Data sets are first introduced, followed by the parameters and variables 239 used to formulate the model. Finally the model formulation is described. 240
Sets 241
A:
Set of possible ages of the harvested timber. 242
C:
Set of age classes. 243
E:
Set of other firms. 244
Set of harvesting blocks within the procurement areas covered under the timber license of 245 the mills under the company's ownership. 246
Set of procurement areas. 247
Set of valuation levels. 248 
. 257 R (s) : Set of resources with the same tree species. 258
A resource is said to be desirable or usable by a mill when it is entitled to that resource type 260 according to its timber license and it is of an acceptable quality in regard to the end product it 261 will be transformed into. 262
In the remainder of this paper, index a will be used for ages of harvested timber, c for age 263
classes, e for firms, i for blocks, k for procurement areas, n for valuation levels, r for resources, s 264 for resource type, t for periods, u for own mills, and u' for other's mills. 265 : Average unit revenue, from the sale of excess production net of processing cost, for end 285 products made from resource r within age class c at mill u and sold at valuation level n on 286 the open market during period t 287 
300
Decision variables 301
Decisional variables and their relations with one another are summarized in Figure 3 . It 302
illustrates the centralized planning problem as seen from a firm's perspective. 303
INSERT FIGURE 3 304
Decision variables are divided into two distinct categories: primary decision variables and 305 anticipated or secondary decision variables. Primary decision variables are those for which the 306 planner is responsible of instantiating. Anticipated decision variables are needed in order to 307 coordinate tactical decisions with operational decisions that will eventually be taken to 308 operationalize the tactical plan. In other words, these secondary decision variables only represent 309 an aggregated anticipation of operational decisions for which the considered planner is not 310 directly responsible of. 311
Primary decision variables 312
it X : Proportion of block i harvested during period t. All variables defined so far, but one, are continuous variables. They can be interpreted as 323 network flow variables in a multi-commodity network describing the possible flows from 324 harvesting blocks to the mills and through a milling process to supply different potential markets. 325
Model 326
Maximize: 327
ts 334 
Objective function 351
The from the sale of wood chips. It is assumed that all chip production is sold to a single client; 360 therefore the same rate is applied to every unit of chips produced. 361
Even if revenues from the sale of logs are irrelevant to decision making, the costs incurred to 362 satisfy these demands are important to take into account, as contracts specify the unit price 363 agreed upon to deliver the volumes of desired logs. By satisfying demands from low cost 364 operations, a firm may increase its profit. The third and fourth terms accounts for harvesting 365 costs and stumpage fees. Harvesting costs include all activities occurring from the stump to 366 roadside. The fifth and sixth terms correspond to transportation costs from the forest to the mills 367 over which harvesting can occur on block i and the number of blocks on which harvesting can 378 occur during period t. Each mill is limited in the volume of a given resource type that it can 379 receive can be delivered to it from a specific procurement area, as outlined in its TL. The firstterm corresponds to volumes bought from other suppliers working in the procurement areas 382 covered by the firm's TL. The latter are known because they are specified in pre-established 383 contracts between two firms. They are important to take into account since they will have an 384 impact on volumes that can be delivered to its own mills from the firm's operations. 385
Next, production constraints limit the total production capacity. Equations Table 1 gives an example of data used in the case study.
In the test case, 50 harvesting blocks are eligible for harvesting during the year. Each block holds 427 a specific volume and composition of resources. 14 different resources are considered, each 428 belonging to one of 4 tree species present. Planning is done for the whole year which is divided 429 into 28 periods of variable duration. Also, 11 different ages are considered to represent the fiber 430 freshness, which have been grouped within 3 age classes. Furthermore, 4 valuation levels are 431 considered for each age class in a market anticipation function. 432
The test case problem is defined by nearly 300 000 continuous and 1400 binary variables and 433 more than 100 000 constraints. Through Monte Carlo sampling and using probability distribution 434 (see table 3), 11 scenarios have been created, one of which, referred to as the "average scenario", 435 uses the average values of the distribution. 436
Only standard deviations expressed in percentage of the average value are presented in Table  437 2 to preserve confidentiality on operations and costs. Standard deviations for stumpage fees and 438 valuation levels have been assigned increasing values over time to reflect the fact that 439 uncertainty increases as the occurrence of an event becomes more distant in time. 440
INSERT TABLE 2 441
Results and discussion
442
Deterministic wood procurement planning model 443 The deterministic problems were solved with CPLEX 9.1 on a 2.00 GHz Pentium 4 personal 444 computer with 1.00GB of RAM memory. It took less than five minutes to solve each of them 445 within a relative gap of 5%. Computing time makes it conceivable to use the proposed model on 446 a regular basis to generate many candidate plans and with a rolling horizon in order to 447 periodically adjust the procurement plan when new developments must be considered. 448
Age tracking along with market anticipation is effective in managing the wood flow from the 449 forest to the mill in order to maximize value. As is shown by Figure 4 , the age of volumes 450 planned to be processed through the mills is coherent with valuation function provided for the 451 test case. More than 67% of the total volume is a week old or less, and close to 85% is equal or 452 less than 2 weeks of age. The model has also been tested with bell-shaped valuation functions 453 characterising processing costs at an OSB mill. Similar proportions were obtained with the bulk 454 of production at and around the preferred freshness. 455
INSERT FIGURE 4 456
Simulation 457
In order to assess the impact of uncertainty, each candidate plan has been evaluated under 458 alternate scenarios using the rule-based simulation approach described previously. Through the 459 simulations, metrics pertaining to average and standard deviation of profit, volumes to be 460 acquired from private woodlot owners, and the feasibility of a plan have been gathered. 461
Average profit and standard deviation have been plotted in Figure 5 for comparison. Analysis 462 using both metrics helps draw a more comprehensive picture of the range of profits and, thus, the 463 associated financial risk that can be expected from the implementation of a plan. 464
INSERT FIGURE 5 465
Two observations can be drawn from Figure 5 . First, the average plan is not the most 466 profitable plan; 4 out of 10 plans show higher profits. In average, plan 9 should generate $467 467 000 or 8.8% more in profit than the average plan. Second, the ranges in profits that can be 468 expected from the implementation of a plan vary greatly from one plan to another when 469 evaluated from the same scenario sample. Plan 5 shows less variability around the mean than any 470 other plan while the variability of plans 7, 9 and 10 is over twice that of plan 5. The average plan 471 shows a 71.6% higher variability than plan 5. 472
For every plan, the average volume missing in order to satisfy end products and wood chips 473 engagements is presented in Figure 6 . It is important to notice that in general, the implementation 474 of any plan requires the purchase of volumes from private woodlot owners even if the original 475 problems were constrained to satisfy all demands. This is a direct result of the uncertainty 476 associated with capacities and process yields. In most cases, an appropriate level of safety log 477 yard inventory should absorb these fluctuations. Again, the average plan is not the best plan 478 based solely on this metric, 4 plans out of the 10 require buying lesser volumes. 479
INSERT FIGURE 6 480
Plans feasibility is shown in Table 3 . This metric identifies the proportion of scenarios under 481 which it remains feasible. Feasibility varies greatly from one plan to another. Plan 7 shows little 482 overall feasibility. Still, several plans remained fully feasible in all scenarios. On the contrary, 483 the average scenario performed poorly showing feasibility in only 50% of the scenarios. 484
INSERT TABLE 3 485
Decision Making 486
At the end of this planning exercise, a plan has to be selected for implementation. Figure 7  487 presents the set of candidate plans being considered. In a multiobjective optimization problem, a 488 multitude of solutions may be considered feasible. However, only a subset of these solutions is 489 of interest. The subset of non dominated solutions forms the tradeoff surface (Pareto front) 490
represented by a bold line in figure 7. In our test case, only candidate plans 3, 5, 8 and 9 are non 491 dominated and deserve further analysis. The other metrics described previously can be used, for 492 example, in order to rank non dominated plans according to the decision maker's preferences.criterion used into identifying the Pareto front by providing opportunities not considered in our 495 approach which could generate higher profitability. Multi criteria decision making being outside 496 the scope of this paper, we refer the reader to Collette and Siarry (2004) , for further details on the 497 subject. Further testing using a larger number of scenarios would be required to determine if the 498 average plan would always be among the dominated solutions. 499
INSERT FIGURE 7 500
Once a plan has been picked for implementation, other information can be advantageously 501 used. For example, harvesting and transportation capacity requirements per period can be 502 extracted and utilized to adjust available capacity levels by hiring or dismissing contractors when 503 possible. Also, unused mills processing capacity is identified and can be used to determine the 504 volume of logs to be purchased from private woodlot owners and to schedule delivery time. 505
From the test case, none of the plans provide the entire volume of fiber to which the mills are 506 entitled to under their TL. This cannot be attributed to harvest or transportation capacity since 507 used capacity is lower than or equal to available capacity in every period. Also, according to 508 market valuation for end products manufactured by the mills, it should be advantageous for the 509 mills to process all the fiber they are allowed to. The problem arises from the fact that most 510 stands to be harvested are mixed, which means that several tree species are present on the same 511 block. A mill may have rights to only some of them, while harvesting cost and stumpage fee for 512 all the volumes harvested are incurred regardless of whether it is required or not. Unless the 513 undesired or excess harvested volumes are to be delivered to other companies' mills, it is 514 uneconomical to harvest. These stands become economically viable only if the undesirable 515 volumes can be passed along with their associated costs to another firm. This highlights the jointdependency of companies sharing a same procurement area. This also serves to demonstrate the 517 importance of collaboration between these firms in order to optimise their operations. 518
Conclusions and future work 519 Wood procurement planning is by nature a very complex process. This paper introduces a 520 detailed model that supports the centralized wood procurement planning of a company which 521 may include many mills and allows for wood exchanges between companies. We presented an 522 extension of the market mechanism of Maness (1989) to take fiber freshness into consideration 523 and included notion of quality linked to the age of the fiber into demands. We also presented a 524 planning process permitting the generation and evaluation of alternative plans in an uncertain 525 environment. 526
Results show that it is possible to manage the fiber flow from the stump to end market 527 considering its freshness in order to extract higher value from the logs processed in the mills. 528
Close to 85% of the total volume planned to be processed at the mill sites is of an age of two 529 weeks or less, meaning that even in the warmer months of the year, fiber deterioration is limited. 530
Furthermore, the tested plans show little stability to uncertainty, as significant differences arise 531 from one plan to another. However, computing time of less than five minutes makes it 532 conceivable to use the proposed model with a rolling horizon in order to periodically adjust the 533 procurement plan when new developments must be considered, and to even directly consider 534 recourse in the simulation-based analysis of robustness. 535
Nowadays, planning is still largely done using intuition with few or no mathematical 536 programming support. Yet, examples of benefits can be found in the literature suggesting an 537 increase (decrease) in profits (costs) averaging 5% when decisions are supported by deterministicgenerating an average of 8.8% more profits than the average plan found using the proposed 541 deterministic model alone. This result makes us anticipate significant benefits from using the 542 proposed model and planning process, as compared to the actual manual planning process. 543
However, potential benefits are highly dependent on factors such as the spatial distribution of 544 harvest blocks and mills, the stand composition, the number of beneficiaries on the same 545 procurement areas and the level of uncertainty. The higher the uncertainty, the higher is the 546 potential gain. 547
Results also demonstrate that using a deterministic model in a non deterministic environment 548 can yield false expectations and stresses the importance of analyzing and validating the so-called 549 optimal plan. From our test case, the optimal deterministic plan is not the optimal plan when 550 uncertainty is considered. Also, the optimal deterministic plan does not satisfy all demands when 551 simulated in different scenarios, even though it was constrained to do so in the deterministic 552 model. Moreover, it does not give any indication on the financial risk, nor the risk associated to 553 the feasibility of the plan incurred by its implementation. A plan obtained from optimizing 554
average parameter values should not be considered as the optimal plan to be implemented as is, 555 but should rather be looked at as a first cut solution or merely a plan from which to build from. 556
Also, our deterministic model generated candidate plans which do not dictate harvesting all 557 the allowable volume to which mills were entitled to under their TL. This result reflects the 558 situation experienced by most companies sharing procurement areas in eastern Canada. 559 Therefore, further developments are being undertaken to look at the interdependency of 560 companies sharing the same procurement areas and ways to facilitate their needed interactions 561 will be explored.criterion used for identifying the Pareto front by providing opportunities not considered in our 564 approach. These new opportunities could generate higher profitability. Therefore, a recourse 565 mechanism will be included into the planning process in order to make new planning decisions 566
as events unfold such as in Myers and Richard (2005) . 567
Finally, the deterministic model presented in this article, when used in combination with the 568 harvest block sequencing and equipment transportation model introduced in Beaudoin et al. 569 (2005) , allows for cost/value analysis. These analyses will examine tradeoffs between an 570 increase in equipment transportation cost and reductions of costs incurred by holding inventories, 571 opportunity cost, opportunity lost and lost of value caused by fiber deterioration. 572 
